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CHAPTER	
  I 

 

INTRODUCTION	
  

 

With growing access to the Internet and online health information, more people 

are looking online for answers to their health related questions. According to a report 

published by PEW International Research for the year 2012, one in three American adults 

have gone online to self-diagnose a medical condition. Among Internet users in the 

United States (U.S.), 72% have searched online for healthcare- related information. [1] 

Meanwhile, U.S. healthcare organizations are putting more emphasis on personalized and 

patient-centric care. [2] Healthcare organizations, in their effort to provide quality service 

for patients who seek information online, are demanding research measuring patients’ 

needs and interests in web-based healthcare literature. [3]  

There are two traditional approaches to evaluating individuals’ interest in an 

information resource. The first approach is conducting cognitive research on volunteer 

participants in an experimental setting. The strength of this approach is that it produces 

an in-depth understanding of participants’ attitude and interests. However, this approach 

is often associated with high financial and time costs. [4] The second approach is user 

surveys. [5] Survey administrators seek participants’ opinions through questionnaires, 

interviews or focus group meetings. User surveys generally have lower costs in 

comparison to cognitive research, but response rates have been declining since the 1990s. 

[6,26] Participants often skip surveys when there is not a direct benefit or the survey 

requires too much time. [52] 
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To address the problems associated with these existing methods, the current 

research project proposes an implicit feedback approach. Instead of explicitly asking the 

users’ opinions, this implicit feedback approach observes the user’s behaviors as they 

interact with an information resource. The behavior-oriented data is employed to infer 

users’ interests. 

The implicit feedback approach has several advantages. First, it does not require a 

laboratory setting or dedicated user effort, both of which have monetary and time costs. 

Data collection occurs automatically and unobtrusively while users browse an 

information resource in their normal environment. The implicit feedback approach also 

captures data from every user who interacts with the information resource. This complete 

user coverage addresses the problem of the low response rates that bias the results of user 

surveys. 

This masters’ thesis describes an evaluation of implicit feedback that leveraged an 

existing Diabetes Education page in a widely adopted patient portal. The study collected 

implicit feedback from 1450 users of this information resource over a six-month period. 

Two types of implicit feedback were assessed: Page Staying Time and Link Count. Page 

Staying Time measured the total amount of time user stayed on a web page. The Link 

Count determined the number of hyperlinks followed by the user. An overview of this 

research project is outlined in four steps below.  

Step 1: Develop a Tool to Capture Implicit Feedback.  This research project 

developed an extensible tracking tool to capture implicit feedback unobtrusively, based 

on users’ interaction with a Diabetes Education web page embedded in a patient portal. 
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 Step 2: Measure Implicit Feedback. Algorithms designed as part of this study 

extracted implicit Page Staying Time and Link Count measures.  

Step 3: Establish a Reference Standard. Online survey tools added to the 

Diabetes Education page as part of this study allowed users to indicate whether 

information on the web page was useful. Voting behavior served as a surrogate of patient 

users’ interests and an explicit feedback reference standard to evaluate the implicit 

measures.  

Step 4: Explore the Relationships Between Explicit and Implicit Feedback 

Measures. The research study team built regression models to explore the relationships 

between the explicit voting behaviors and implicit Page Staying Time and Link Count 

measures. 

To summarize, the research study described in this thesis makes three informatics 

contributions: 1) an extensible tracking tool to collect automatically and unobtrusively 

users’ interactions with web pages 2) a partial time algorithm to calculate the Page 

Staying Time 3) an evaluation of implicit feedback to assess users’ interest in web-based 

health literature.  
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CHAPTER	
  II 

 

BACKGROUND	
  AND	
  SIGNIFICANCE	
  

 

As the amount of online health-related literature has increased, so has its impact 

on patient education. [7] Evaluation methods to assess interest in the online health 

literature are critical to creating effective health information resources that meet 

information needs. [8] 

 

Existing	
  Solutions	
  

User surveys have been considered one of the gold standards for assessing 

attitudes, beliefs and interests. [9] Questionnaires elicit participants’ opinions and ratings. 

User surveys have proven strengths in providing an in-depth understanding of users’ 

attitudes and interests. [24] However, declining response rates challenge the utility of 

user surveys. [6,26] The American Association for Public Opinion research conducted a 

study on survey response. The response rates across all modes of survey declined over 

the last decade. [11,12,13] As a result, organizations that rely on user surveys must 

devote more effort to survey administration. One practice is to provide incentives to the 

study participants. [14,15,16] This practice increases the cost of a survey and raises 

concerns about the influence of incentives on the accuracy on the survey results. 

[17,18,19,20] In addition to financial costs, low response rate increase the risk of 

potential non-response bias. [21]  
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Cognitive studies, as applied in usability tests, are another established method 

frequently used to evaluate users’ reactions and interests. [22,23] In cognitive studies, 

participants are invited to a dedicated laboratory environment to interact with an 

information resource. Reactions to a resource are carefully observed and recorded for 

further analysis. The high financial costs, limited number of available laboratories 

dedicated to this kind of research and time required for conducting cognitive studies 

limits their applications. 

Confined by these limitations, user interest studies have often been conducted 

with a limited number of participants in a laboratory setting, instead of with a large 

population in a real-world setting. [43, 44, 45] In the case of the Internet health 

information resources, the relevant study domain includes the worldwide population of 

healthcare consumers. A new solution is needed to fill in the research gap in evaluating 

the interests’ of these users. 

 

Alternative	
  Approach	
  	
  

To address the challenges of existing solutions, this thesis reports a study that 

evaluated an alternative approach to evaluating users’ interests: collecting and analyzing 

implicit feedback.  Implicit feedback is also known as implicit measure or implicit rating 

in different literatures. Leverage existing research, this study defines implicit feedback as 

any data that can be collected unobtrusively by observing a user’s interaction with an 

information resource. [27-29, 46-50] Instead of explicitly soliciting opinions, the implicit 

feedback approach observes users’ behaviors while they interact with an information 

resource. The behavior-oriented data can be analyzed to derive users’ opinions and 
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interests. Contrary to the cognitive approach, behaviors and reactions are observed in a 

natural setting instead of a laboratory environment.  

The implicit feedback concept is not new. Research on implicit feedback 

originated in the Information Retrieval (IR) field. Information resources under study 

could be web documents, Internet news articles, movies, or television programs. [25] To 

develop and improve IR systems, researchers conducted Cranfield-style evaluations to 

measure the precision (i.e., percentage of retrieved items that are relevant) and recall (i.e., 

the percentage of relevant articles that are retrieved). [46] A major challenge to these 

types of evaluations was the measurement of “relevance”. Cranfield-style evaluations 

conduct the relevance assessment by involving domain experts to assign a relevance level 

to each retrieval results. To make this approach practical, most experiments were done in 

small collections of test documents, for which relevance was determined in a time-

consuming and labor-intensive manual process. The measurement of relevance in a 

laboratory setting is highly suspect, as the relevance of an information resource is often 

context dependent. To solve these problems, researchers looked into measurable user 

interactions with the information resource, reflected in various forms of implicit feedback. 

The implicit feedback was then used as a measure of relevance to determine precision 

and recall, which were optimized to augment information retrieval, filtering and 

recommendation. [60]  

Nicoles in his 1997 study evaluated the costs and benefits of using implicit 

measures to replace the explicit ratings. His study looked at thirteen potential types of 

implicit actions including read time, save/print action, and marking document as favorite. 

The study results suggested that implicit ratings have a good potential for being able to 
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predict user satisfaction without interrupting users’ normal workflow. [46,47] Morita & 

Shinoda studied how much time users spent on Usenet news articles and concluded that 

reading time could predict users’ interest level. [48] Konstan et al.’s 1997 study further 

confirmed Morita & Shinoda’s finding that reading time was a strong predictor of user 

interest. [49] Oard & Kim’s study further broadened the concept of implicit measure to 

include users’ behavior in information retention as in the case of printing a page. Their 

study found that reading time as well as whether a user prints a page was a useful 

indicator of user interest. [50] Kelly & Teevan’s 2003 study provided three important 

conclusions on implicit measures: “First, there is good potential for implicit measures to 

either replace or act in conjunction with explicit ratings or feedback. Second, there is 

some disagreement in the existing research on exactly which implicit measures are useful 

– at least within the domain of search engines. Finally, most of the studies have been 

conducted in laboratory settings.” [51] 

Search Engine Optimization (SEO) is another domain in which investigators have 

conducted extensive research using relevant implicit feedback with a goal of reducing the 

dependence on explicit human judgments. [27] With SEO, machine-learning algorithms 

are developed using implicit feedback to improve retrieval quality. Examples of implicit 

feedback that have been studied include the links a user clicks on in the ranked search 

results, the time a user spends reading a resulting page, or how a user reformulates a 

query. [28,29,30]  

To summarize, measures of implicit feedback that have been investigated include 

reading time, page scrolling, printing, and click-through. [28,30,46–50,54] Study results 

have shown strong correlation between implicit measures and user interest and 
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satisfaction. However, these studies have largely been conducted in controlled laboratory 

settings with customized web browsers and limited numbers of users. The extent to which 

existing research applies to real-world settings is unclear. [52-60] 

This thesis proposes that collection and analysis of implicit feedback may be a 

promising alternative approach to evaluating users’ interests in web-based information by 

leveraging previous research on the use of implicit feedback in the IR and SEO domains. 

The hypothesis behind the research presented in this thesis is that implicit 

feedback, based upon users’ interactions with a web-based information resource, is 

correlated with users’ interests in the information resource, as measured by explicit 

feedback. To test this hypothesis, we measure the use of an existing Diabetes Education 

page hosted inside a patient-facing portal web site – My Health At Vanderbilt (MHaV).  

The Diabetes Education page (iADAPT) was developed as a component of a 

research project funded by the Agency for Healthcare Research and Quality (AHRQ) 

through its Innovative Adaptation and Dissemination of AHRQ Comparative 

Effectiveness Research Products (iADAPT) program (Grant No. R18 HS019276, 

Principal Investigator: Samuel Trent Rosenbloom). The iADAPT project’s aim is to 

transform the AHRQ’s evidence-based diabetes guidelines into a concise, targeted and 

easily actionable information resource for patients and healthcare providers. This 

resource is then disseminated to patients with Type II diabetes through a widely used 

patient portal – My Health at Vanderbilt (MHaV). [31,68]  

MHaV, developed at Vanderbilt University Medical Center in 2002 provides 

Vanderbilt patients with free, online access to portions of their electronic medical records. 

MHaV also allows patients to check and schedule appointments, refill prescription, pay 
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bills, view test results, immunization records and a list of their medications. Other 

popular features provided by MHaV include secure messaging between patients and their 

healthcare providers and personalized health information based on the patients’ diagnosis. 

[32] 

This thesis project leverages the Diabetes Education information resource placed 

into MHAV as part of the iADAPT program. All collection and analysis of implicit 

feedback was conducted on the iADAPT Diabetes Education page. Approval for tracking 

patients’ usage of this page was approved by the Vanderbilt Institutional Review Board 

(IRB) for the iADAPT project. 

 

Significance	
  

The implicit feedback measured in this project possesses several unique 

characteristics. This section lists five major characteristics of the implicit feedback, along 

with a statement about the significance of each in serving as an attractive solution in 

evaluating users’ interests. 

1) Complete user coverage 

This study collects implicit feedback data from every user’s interaction with the 

Diabetes Education page. Consequently, the study covers the complete user base and 

eliminates the low response rate problem often associated with user surveys.  

2) Richness of data 

The implicit feedback approach captures data for every user during every visit to 

the page. Depending on the contents of the web page, user interactions can be captured at 

a very granular level. Examples of potential user interactions could include: button clicks, 
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link clicks, mouse movements, scroll bar movements, movie or sound track playing, and 

keyboard typing. 

3) Low Cost  

The implicit feedback approach removes the cost associated with survey 

administration and laboratory settings required by cognitive studies. With the help of 

widely available high-throughput computer servers, large amounts of data can be quickly 

retrieved at a low cost. Advanced data mining and Online Analytic Processing (OLAP) 

can further facilitate and lower the cost of data processing and analyzing.  

4) Avoiding self-selection bias 

Self-selection bias, often observed in user surveys, is caused by the fact that 

certain groups of users are more likely to provide feedback than other groups. For 

instance, users who are extremely happy or extremely unhappy about an application are 

more likely to offer their opinions, compared to the user who has a neutral view. This 

unbalanced sample selection will influence survey results by over-representing groups 

with certain characteristics and thus distorting results. [33] Implicit feedback, due to its 

all-inclusive and non-disruptive nature, covers the complete range of the user base, thus 

effectively avoiding self-selection bias.  

5) Potential in trend prediction 

User surveys, often conducted discretely due to their high cost, present a point-in-

time and limited-context assessment of the users’ interest. Implicit feedback, on the 

contrary, is dynamic in nature. It can be captured in actual user settings and stored for as 

long as needed with a relatively low cost. Statistical models built on top of the continuous 

implicit feedback data represent a user’s view over time, therefore providing the potential 
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to detect user behavior patterns and predict future trends. This type of assessment is an 

important contribution because user interest is expected to be context-dependent and 

dynamic variable. 
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CHAPTER	
  III 

 

METHODS	
  

 

This study leveraged the existing iADAPT project to evaluate users interest in the 

Diabetes Education page developed by the iADAPT team. The design and layout of the 

study is outlined in four steps: Step1) Develop an extensible tracking tool to capture 

implicit feedback while the iADAPT study participant interacts with the iADAPT page. 

Step 2) Apply an algorithm to quantify the collected implicit feedback and generate two 

types of implicit measures.  Step 3) Establish a reference standard to evaluate users 

interests. Step 4) Build regression models to analyze the relationship between the implicit 

feedback and the explicit feedback reference standard.  

 

Study	
  Setting	
  

This evaluation of implicit feedback will be conducted on a Diabetes Education 

page that is deployed in the widely-adopted Vanderbilt patient portal, 

MyHealthAtVanderbilt.com (MHaV).  MHaV is a patient portal web-based tool that 

allows Vanderbilt patients and their families to interact with the healthcare system.  

Developed in 2002 at the Vanderbilt University Medical Center (VUMC), MHaV had 

over 220,000 registered users at the end 2012, which represents over 25% of all potential 

users. MHaV has a very active user base with an average over 11,000 visits per day. [69-

71] 
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As an integral component of the iADAPT project, the Diabetes Education page 

included diabetes-related health information. Three content-specific sections composed 

this page: 1) Personalized data including the patient’s current prescription medicines and 

common drug side effects, 2) Authoritative literature such as the AHRQ diabetes 

guideline for patients and physicians about the medicines for diabetes, and 3) 

Recommended readings about physical activity, nutrition information, and general 

diabetes knowledge. This iADAPT page was exposed to qualified iADAPT study 

participants during a six-month study period. 

Qualification Criteria: The study population for this research projected included 

participants in a larger iADAPT project to disseminate diabetes evidence through a 

patient portal. The eligibility criteria for patients in this research project were Vanderbilt 

patients with: 1) Age 18 years or older, 2) Registration for and use of a MHaV account at 

least twice during the year after registration, and 3) an International Classification of 

Diseases (ICD 9) diagnosis code for Type II Diabetes.  

 

Capture	
  Implicit	
  Feedback	
  

This research project developed a tracking tool designed unobtrusively to capture 

patients’ interaction with the various components of the MHaV Diabetes Education page 

and to capture implicit feedback from within the page. This page was made available to 

all patients who met eligibility criteria within MHaV. The MHaV Diabetes Education 

page is shown in Figures 1-5, and a red circle identifies each tracked component. Due to 

the vertical length of the Diabetes Education page when viewed on the computer screen, 

the contents are shown in five sections here in the thesis. The first section is Diabetes 
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Medicines (Figure 1). This section shows a list of the patient’s prescribed diabetes 

medicines. A multimedia play button on the right side of each medicine plays an audio 

file that pronounces the medication’s name upon selection.  

The patient can select the “If you have any questions about your diabetes or 

medications” link to communicate with his or her provider regarding the prescribed 

medicine. This communication is conducted through a secure messaging system and is 

automatically recorded in the patient’s electronic medical record (EMR) for reference. 

[75] 

 

 

Figure 1 Diabetes Medicine Section in the Diabetes Education Page 

 

The link “Compare my medicines” displays a drug comparison table cross-

referenced with the common side effects (Figure 2).  
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Figure 2 Drug Comparison Table in the Diabetes Education Page 

 

The second section is Diabetes Literature. As shown in Figure 3, this section lists 

four diabetes management guidelines. Medicines for Type 2 Diabetes, Doctor’s Guide to 

Type 2 Medicines and Type 2 Diabetes Research Summary are provided and published 

by the AHRQ. Quick Type 2 Diabetes Summary Guide is an adapted version of the 

AHRQ literature created by the iADAPT project team at Vanderbilt University.  
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Figure 3 Diabetes Literature Section in the Diabetes Education Page 

 

Each guideline contains a brief description of the contents. A cover image of the 

literature is displayed when a user’s mouse hovers over the link. Shareable social media 

links including Facebook, Twitter, and email are listed below each guideline. 

The third section is the Recommended Readings for diabetes patients. The 

readings are categorized into three domains (i.e., Physical Activity, Nutrition, and About 

Diabetes), each represented by a tabbed page. 
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Figure 4 Recommended Reading – Physical Activity 

 

Figure 4Error! Reference source not found. shows the Physical Activity Page. 

It lists seven recommended readings related to the exercise information for the diabetes 

patients.  

 

 

Figure 5 Recommended Reading – Nutrition 

 

Figure 5shows the Nutrition Page. A group of six recommended readings direct 

the user to nutritional information appropriate to diabetes patients.  
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Figure 6 shows the About Diabetes Page. This page lists general information 

regarding diabetes disease and a graphic illustration of the relationships among food, 

sugar, and insulin.  

 

 

Figure 6 Recommended Reading – About Diabetes 

 

While a patient browsed the Diabetes Education page, his or her interaction with 

the web page was logged as events. Events are defined as actions a user performs on a 

web page. For example, when a user clicks a button or link, moves the mouse over an 

element, types in a text field with the keyboard, or scrolls up and down the page with a 

scrolling bar, each of the above actions generates an individual event. In this project, an 

extensible tracking tool captured the user-web page interaction events.  

The tracking tool functions are illustrated in a flow chart in Figure 7, which 

illustrates what happens when a patient clicks on the Sound Play Button next to the 
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medicine “Metformin”. This patient-web page interaction in turn registers a button click 

event from the patient’s browser.  

 

 

Figure 7 Implicit Feedback Tracking Tool in Flow Chart 

 

The tracking tool was designed to react to the sound button click event in four 

chronological steps as summarized below.  

Step 1: The details of the event were collected in three components: 1) HTML 

[34] component data including the component’s id and description,  2) User data 

including the patient’s MHaV user name and the Internet Protocol (IP) address [35] of the 

user’s computer, 3) Session data including the session ID and the timestamp of the event 

occurring time. 
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Step 2: The tracking tool packages detailed event data to form an implicit 

feedback event. This implicit feedback event was formatted into a JavaScript Object 

Notation (JSON) object. [36, 37] This tool used JSON objects to exchange data among 

applications for several reasons.  JSON is a lightweight XML; it is language independent 

and is supported by a broad range of software libraries. [38] 

Step 3: The tracking tool posted the JSON object to the backend OAS server that 

hosts MHaV. The tracking tool conducted the posting through Asynchronous JavaScript 

and XML (AJAX) calls. [39] This study used the AJAX approach due to its 

asynchronous communication nature. [76] With AJAX, communication between the 

client browser and the server occurs in the background without interrupting user’s natural 

browsing action. [40]  

Step 4: After the MHaV server received the JSON object, the server saved the 

details of the implicit feedback data to a table in the Oracle 10g database. [41, 42]  

This tracking tool, developed for this research, was designed to be extended to a 

broad range of web pages that support HTML and JavaScript. 

 

Measure	
  Implicit	
  Feedback	
  

During a six-month study period, the tracking tool continuously captured, processed, and 

saved implicit feedback events as the study participants interacted with the MHaV 

Diabetes Education page.  Table 1 illustrates examples of the implicit feedback as 

represented by user interactions saved in the database. Also, the Diabetes Education 

page-specific events are mixed with other MHaV portal activities.  
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Table 1 Sample of Study Collected Implicit Feedback Data 

ID User ID Event Time Event Name Description 
1 Steve 09:00 Login Steve logged in to MHaV successfully 
2 Steve 09:01 View Diabetes 

Education Page 
Steve opened the Diabetes Education 
Page 

3 Steve 09:02 Sound Play Steve clicked the medicine 
pronunciation button 

4 Mike 09:03 Login Mike logged in to MHaV successfully 
5 Steve 09:04 Diabetes_meds_ 

yes 
Steve voted yes on the Diabetes 
Medicine section 

6 Mike 09:05 Ahrq_pdf Mike clicked an AHRQ literature link 
7 Mike 09:06 Ahrq_pdf_yes Mike voted yes on the AHRQ literature 

section 
8 Steve 09:07 Logout Steve logged out  
9 Mike 09:10 View Lab Page Mike opened the Labs Page 

 

To measure implicit feedback, an algorithm was developed to take the implicit 

feedback as input and produce implicit measures for each study participant. Appendix A 

shows a conceptual flow chart of how this algorithm works. This algorithm first filtered 

events that are not associated with the Diabetes Education page. Next, the algorithm 

grouped events by patients. The algorithm then iterated through each event for each study 

participant and passed the activity through a series of decision points as shown in the 

flow chart. Outcomes from the decision points were tallied to produce the Page Staying 

Time and link count implicit measures. When the program reaches the last activity of 

each study participant, the script generated a summary of all implicit measures for a user. 

The program then repeated the steps above until all study participants’ data have been 

processed.  
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The resulting implicit measures were measured as the sum of the Page Staying 

Time and Link Counts during a participants’ six-month interaction with the MHaV 

Diabetes Education page (Table 2). 

Table 2 Implicit Measure Types and Descriptions 

Type Implicit Measure Description of the Implicit Measure 

Time 
Page Staying Time  
(minutes) 

The total amount of time that a user stayed on the Diabetes 
Education Page 

Link Count 

Sound Play The total number of times the user clicked on the medicine’s 
Sound Play Button 

AHRQ Share The total number of times the user clicked on the Facebook, 
Twitter or email links beneath each of the four AHRQ 
literatures 

AHRQ Link The total number of times the user clicked on the four AHRQ 
literature links 

Drug Table The total number of times the user clicked on the “compare 
my medicines” link 

Facts The total number of times the user clicked on the “Prev” or 
“Next” button in the Fast Facts 

Activity Link The total number of times the user clicked on the links inside 
the Physical Activity page 

Nutrition Link The total number of times the user clicked on the links inside 
the Nutrition page 

About Link The total number of times the user clicked on the links inside 
the About Diabetes page 

Messaging The total number of times the user clicked on the “send us a 
message” link 

 

The resulting Link Counts consists of 9 individual link measures. Each link 

measure represents the total number of times the user clicks on a particular hyperlink. 

The calculation of the link measure is straightforward: every mouse click on a hyperlink 

was increased the link measure by 1.  

The calculation of the Page Staying Time was more involved due to the complex 

nature of web browsing. In a simple browsing scenario (as illustrated in Figure 8) a user 

would open the Diabetes Education page at 14:01 and later switch to a different web page 
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or logs out of the web site at time 14:02. The Page Staying Time for the Diabetes 

Education page was calculated as the time between 14:01 and 14:02. In this example, the 

resulting Page Staying Time is 1 minute. 

 

  

 Figure 8 Page Staying Time – Scenario 1 

 

In a more complex scenario, a user would open a web page and then get distracted 

or move on to other activities without either logging out or switching to a different page. 

In this case, the opened page will be left in an abandoned state until the user’s web 

session expires. In the case of MHaV, web sessions expire after no user activity is 

detected in 30 minutes. Figure 9 illustrates the abandoned page scenario. 

 

Figure 9 Page Staying Time – Scenario 2 
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To handle time calculation for the abandoned pages, a common practice, as 

practiced by Google Analytics, is to disregard these data.  

“When a page is the last page in a session, there is no way to calculate the time 
spent on it because there is no subsequent pageview. For this reason, when Page 
A is the last page in the visitor’s session, its time calculation is not counted for 
that view. In addition, when that page is the only page viewed in the session, no 
time on page is calculated.” [63] 
 
Google’s approach is simple yet neglects useful information. The fact that a page 

is the last one in the session does not necessary mean the user spent zero amount of time 

on the page. To solve the problem, the research team developed a partial-time 

accumulation algorithm. With this algorithm, when a user opens the Diabetes Education 

page, an internal timer marks this timestamp as the starting point. As the user conducts 

further activities on this page, such as clicking links, clicking buttons or casting votes, 

this new activity’s timestamp will be preserved as a temporary ending point. As the user 

continues his or her activity on a given page, the temporary end point gets updated with 

each new activity’s timestamp. Figure 10 illustrates how the partial-time algorithm 

calculates the page staying time of an abandoned page with two user events.  

 

Figure 10 Page Staying Time – Scenario 3 
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In the case where the user switches to another page or logs out, the end point 

marks the completion of the user’s stay on the page. In the situation where the user 

abandons the page, the last temporary ending point, which indicates the user’s last 

activity on the page, marks the end of the partial page time accumulation. This measure is 

a conservative estimate of time spent on a page because users may continue to read 

information even after the last measurable activity is executed.  

 

Establishing	
  a	
  Reference	
  Standard	
  

To evaluate patients’ interest with an explicit feedback metric, the research team   

built online survey tools inside the MHaV Diabetes Education page to collect 

participating patients’ votes about perceived usefulness. Each survey tool asked: “Was 

this information useful?” and provided “yes” and “no” voting buttons.  This survey 

questions were placed at five locations in the Diabetes Education page (shown in Figures 

1, 3-6).  

Users had the option to vote “yes”, vote “no”, or ignore the questions by not 

voting. Once a vote was cast, the voting button was replaced by a message stating, 

“Thank you for your feedback.” Users were not able to vote on the same question more 

than once in the same visit. When the user returned to the page on a subsequent login, all 

voting questions became available. In the case of a user casting multiple votes on the 

same question, the last vote was considered to override any previous votes.  

Table 3 summarizes the intended meaning of the five survey questions.  

Table 3 Explicit Feedbacks Based on Patient’s Online Vote 
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Explicit Feedback Value Description 

MEDS_VOTE “yes”, “no” or n/a User’s vote on usefulness of the Diabetes 
Medicines section 

AHRQ_VOTE “yes”, “no” or n/a User’s vote on the usefulness of the AHRQ 
literature section 

ACTIVITY_VOTE “yes”, “no” or n/a User’s vote on the usefulness of the Physical 
activity section 

NUTRITION_VOTE “yes”, “no” or n/a User’s vote on the usefulness of the nutrition 
section  

ABOUT_VOTE “yes”, “no” or n/a User’s vote on the usefulness of the general 
diabetes section 

 

The analysis of these data dichotomizes the voting activity into “Voted” and “Not 

Voted” groups. The Voted group represents study participants who casted at least one 

vote during the study period. The Not Voted group includes study participants who 

accessed the Diabetes Education page but never cast any vote during the study period. 

The current study applied this binary voting result as a surrogate for evaluation of 

patients’ interest. The “Voted” behavior implies patients’ interest and the “Not Voted” 

behavior infers patients’ lack of interests in the Diabetes Education page. 

This study used patients’ voting behavior as a surrogate for patients’ interests. 

This approach was based on prior research studying the correlation between survey 

participation rate and topic interest. When the content topic is of interest to an individual, 

that person is more likely to participate in the survey by casting votes. Groves et al. found 

that “persons cooperated at higher rates to surveys on topics of likely interest to them. 

The odds of cooperating are roughly 40 percent higher for topics of likely interest than 

for other topics.” [64] Holland and Christian’s study on the influence of topic interests 

also found high nonresponse rates for people who are less interested in the topic. [65] It 

should be noted that a user’s actual interest is inherently a continuous variable. The 
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decision to simplify the user’s interest into a binary outcome is one limitation of this 

study.  

	
  

Nonparametric	
  Analysis	
  

Initial results from this study indicated that the implicit measure do not follow a 

normal distribution.  As we cannot make assumptions about normality, parametric 

analysis was not applicable to this project. As a result, we conducted nonparametric 

analysis on the implicit measures between the Voted and Not Voted group. The null 

hypothesis was that each mean implicit measure had no difference in the Voted and Not 

Voted groups. To test the hypothesis, we applied the Mann-Whitney-Wilcoxon Rank 

Sum Test (MWW Test) to compare the implicit measures between the two independent 

sample groups.  

The study compared multiple implicit measures between the voted and not voted 

group.  This evaluation involved multiple hypotheses, which can result in increased Type 

1 errors in the data set. To correct the Type 1 errors, this study applied the Bonferroni 

correction. Each individual hypothesis was tested at an adjusted statistical significance 

level. 

 

Logistic	
  Regression	
  Analysis	
  

To clarify the relationship between the implicit measures and the patient’s voting 

behavior, the study also conducted logistic regression analysis.  

Page Staying Time served as the primary implicit measure for this study. We first 

built a regression model with Page Staying Time as the input variable and voting result as 
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the outcome. This model controlled demographic variables including age, race and 

gender. Study participant’s baseline hemoglobin A1c value was also included in the 

model. The voting outcome was set to 1 for the Voted group and 0 for the Not Voted 

group. Equation 1 shows this regression model in detail. 

 

ln 𝑃(𝑌)
!!𝑃(𝑌)

  = 𝛽! + 𝛽!𝑋!+𝛽!𝑋! + 𝛽!𝑋! + 𝛽!𝑋! + 𝛽!𝑋! 

 
𝑃 𝑌   Probability of Getting Patient Vote 
𝛽!   Coefficient of intercept 
𝛽! − 𝛽!  Coefficient of the Input Variable 
𝑋!  Page Staying Time (minutes) 
𝑋!  Age (years) 
𝑋!  Race (White, Black, Others) 
𝑋!  Gender (Male, Female) 
𝑋!  A1C level of the most recent measure before the study period   
 

Equation 1 Logistic Regression with Page Staying Time as Input 

 

In addition to Page Staying Time, this study also examined in the link based 

measures and their relationships with the voting behavior. We built a regression model 

based on four link measures including Sound Play, Drug Table, AHRQ Link, and 

Activity Link. The study excluded link measures with sparse data to simplify the model.  

The excluded link measures included Fast facts, AHRQ Share, Nutrition link, About 

Diabetes link and Messaging link. This model also controlled demographic variables 

including age, race and gender. Study participant’s baseline hemoglobin A1c value was 

included in the model. Equation 2 shows the details of the link measure based regression 

model. 

ln !(!)
!!!(!)

  = 𝛽! + 𝛽!𝑋! + 𝛽!𝑋! + 𝛽!𝑋! + 𝛽!𝑋! + 𝛽!𝑋!+ 𝛽!𝑋! + 𝛽!𝑋! + 𝛽!𝑋! 
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𝑃 𝑌   Probability of Getting Patient Vote 
𝛽!   Coefficient of intercept 
𝛽! − 𝛽!  Coefficient of the Input Variable 
𝑋!  Sound Play Measure 
𝑋!  Drug Table Measure 
𝑋!  AHRQ Link 
𝑋!  Activity Link 
𝑋!  Age (years) 
𝑋!  Race (White, Black, Others) 
𝑋!  Gender (Male, Female) 
𝑋!  A1C level of the most recent measure before the study period   

 

Equation 2 Logistic Regression with Link based Measures  
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CHAPTER	
  IV 

 

RESULTS	
  

	
  

This study was conducted over a six-month period from June 22, 2012 to 

December 22, 2012. The existing iADAPT study population, a total of 1,450 patients, 

participated in the study during this six-month period. A total of 478 (33%) patients made 

one or more visits to the Diabetes Education page during the study period.  There were 

972 (67%) patients who did not visit the page. Table 4 shows demographic data for the 

study participants. There were not any significant demographic differences between 

patients who did and did not visit the Diabetes Education page. 

 

Table 4 Study Population Demographic Summary - 1 

Characteristic 

Study Population (N=1450) 
Visited the Page 

(N=478) 
Did Not Visit the Page 

(N=972) 
P value 

N (%) or Mean 
(SD) 

N (%) or Mean (SD) 

Age  (years) 59.87(11.28) 60.64 (12.39) 0.15 
Gender    

Female 238 (49.79)  484 (49.79) 0.99 
Male 240 (50.21) 488 (50.21)  

Race    
White 371 (77.61) 752 (77.37) 0.74 
Black 86 (17.99) 160 (16.46)  

Others 21 (4.40) 60 (6.17)  
AlC 7.19 (1.46) 7.21 (1.82) 0.79 

** Statistically Significant is claimed when P-value is <0.05 
A1C is Hemoglobin A1C 
SD is standard deviation 
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Among the patients who visit the MHaV Diabetes Education page, 120 (25%) 

patients responded to the survey by casting one or more votes while 358 (75%) patients 

visited the page but did not cast any votes. The study compared the demographic data of 

the Voted and Not Voted groups (Table 5). The data show that the average age for the 

Voted group is significantly older than the Not Voted group. 

Table 5 Study Population Demographic Summary - 2 

Characteristic 

Participated (N=478) 
Voted (N=120) Not Voted (N=358) P value 
N (%) or Mean 

(SD) 
N (%) or Mean (SD) 

Age  (years) 61.92 (11.63) 59.18 (11.09) 0.007** 
Gender    

Female 52 (43.33)  186 (51.95) 0.13 
Male 68 (56.67) 172 (48.05)  

Race    
White 90 (75.00) 281 (78.49) 0.74 
Black 26 (21.67) 60 (16.76)  

Others 4 (3.33) 17 (4.75)  
AlC 6.97 (1.20) 7.27 (1.53) 0.07 

 
** Statistically Significant is claimed when P-value is <0.05 

A1C is Hemoglobin A1C 
SD is standard deviation 

 

Among the 972 non-visitors of the site, 238 patients never logged in to MHaV 

during the study period, and 734 patients had logged in to MHaV but had not viewed the 

Diabetes Education page. The distribution of the study population is illustrated in Figure 

11. 
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Figure 11 Distribution of Study Population in Pie Chart 

	
  

Voting	
  Outcome	
  

Figure 12 illustrates the voting outcome from those study participants who visited 

the Diabetes Education page in a histogram. The data shows that 358 patients cast 0 votes, 

57 patients cast 1 vote, 21 patients cast 2 votes, 32 patients cast 3 votes, 3 patients cast 4 

votes, 4 patients cast 5 votes, 2 patients cast 6 votes, and 1 patient cast 7 votes.  
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Figure 12 Distribution of the Voting Result in Histogram 

 

Page	
  Staying	
  Time	
  

Figure 13 illustrates the box plot of the distribution of the Page Staying Time in 

the Voted and the Not Voted groups. On average, the Not Voted group spent 3.66 

minutes on the Diabetes Education page. The Voted group spent an average of 7.41 

minutes on the page.  

Figure 14 illustrates the histogram of the Page Staying Time in the Voted and the 

Not Voted groups. The histogram shows that the Page Staying Time distribution is highly 

skewed with long tails.  
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Figure 13 Distribution of the Page Staying Time as a Box Plot 

 

 

Figure 14 Distribution of the Page Staying Time as a Histogram 

	
  

Link-­‐based	
  Measure	
  

Figure 15 illustrates the box plot of the distribution of the Sound Play measure in 

the Voted and the Not Voted groups. On average, the Not Voted group members clicked 
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the Sound Play button 0.51 times and the Voted group members clicked the sound play 

button 1.19 times.  

Figure 16 illustrates the histogram of the Sound Play measure in the Voted and 

the Not Voted groups. The histogram shows the sound play measure distribution is highly 

skewed with long tails.  

 

Figure 15 Distribution of the Sound Play Measure as a Box Plot 

 

 

Figure 16 Distribution of the Sound Play Measure as a Histogram 
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The diabetes drug side effect comparison table was opened 0.3 times on average 

in the Voted group versus 0.1 times in the Not Voted group. The Voted group selected 

the AHRQ literatures links 1.2 times on average, compared to 0.4 times in the Not Voted 

group. The physical activity–related articles attracted an average of 0.4 views in the 

Voted group and 0.1 views in the Not Voted group.  

Although varying in values, the link-based measures shared similar distribution 

traits to the Sound Play measure. The common traits can be summarized as 1) An 

asymmetrical distribution, 2) Highly skewed with long tails, and 3) Different variance 

between the Voted and the Not Voted groups.  

 

Nonparametric Analysis Results 

 
Table 6 displays the nonparametric analysis results from the Mann-Whitney-

Wilcoxon Test. The results show that after the Bonferroni correction, there are five 

measures that differ significantly between the Voted and not Voted groups. These are: 

Page Staying Time, Sound Play measure, Drug Table measure, AHRQ link measure, and 

the Activity measure. 
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Table 6 Implicit Measure Summary and MWW Test Results 

Independent Variable Voted Group Not Voted Group P value * 

Median/Mean 
(1st Qu., 3rd Qu.) 

Median/Mean 
(1st Qu., 3rd Qu.) 

Page Staying Time 
(Minutes) 

4.15/ 7.41 
(1.67, 9.64) 

1.38/3.66 
(0.73, 3.18) 

<0.005** 

Sound Play Measure 0.00/1.19 
(0.00, 2.00) 

0.00/0.51 
(0.00, 1.00) 

<0.005** 

Drug Table Measure 0.00/0.36 
(0.00, 1.00) 

0.00/0.10 
(0.00, 0.00) 

<0.005** 

AHRQ Link Measure 0.00/1.27 
(0.00, 2.00) 

0.00/0.41 
(0.00, 0.00) 

<0.005** 

Activity Link Measure 0.00/0.49 
(0.00, 0.00) 

0.00/0.18 
(0.00, 0.00) 

<0.005** 

Fast Facts Measure 0.00/0.24 
(0.00, 0.00) 

0.00/0.07 
(0.00, 0.00) 

0.013 

Messaging Measure 0.00/0.08 
(0.00, 0.00) 

0.00/0.03 
(0.00, 0.00) 

0.018 

About Diabetes Link Measure 0.00/0.07 
(0.00, 0.00) 

0.00/0.01 
(0.00, 0.00) 

0.096 

Nutrition Link Measure 0.00/0.04 
(0.00, 0.00) 

0.00/0.03 
(0.00, 0.00) 

0.340 

AHRQ Share Measure 0.00/0.03 
(0.00, 0.00) 

0.00/0.03 
(0.00, 0.00) 

0.411 

* Bonferroni-corrected P value with n = 10 
** Statistically Significant is claimed when P-value is <0.005 

 
 
	
  

Logistic	
  Regression	
  Analysis	
  Results	
  

Table 7 shows the results of the logistic regression model with the Page Staying 

Time as the predictor and controlling for demographic data including age, race, gender, 

and patients’ baseline hemoglobin A1C value. The results indicate that Page Staying 

Time has a significant positive relationship with the voting outcome. With each 

additional minute that a patient stays on the Diabetes Education page, the likelihood for 

the patient to vote increases 5.2%.  
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The results also indicate that patient’s hemoglobin A1C value has a significant 

negative relationship with the voting outcome. Patients with a higher A1C value are less 

likely to vote. The likelihood of voting decreases 16% with one unit increase of the A1C 

value. The study calculated the overall predicting power of this regression model by 

measuring the area under the ROC curve (AUC). The AUC value for this time-based 

model is 0.66. 

Table 7 Logistic Regression Result for Page Staying Time 

Input Variable Odds Ratio 
(OR) 

95% Confidence 
Interval (CI) 

P value 

Page Staying Time (Minutes) 1.052 (1.025, 1.081) 0.000** 
Age (years) 1.015 (0.995, 1.036) 0.146 
Race=White 0.627 (0.356, 1.120) 0.108 
Race=Others 0.597 (0.154, 1.898) 0.411 
Gender=Male 1.416 (0.904, 2.231) 0.131 
A1C 0.837 (0.703, 0.985) 0.038** 

** Statistically Significant is claimed when P-value is <0.05 
  

Table 8 shows the results of the logistic regression model with four link-based 

measures as predictors and controlling for demographic data including age, race, gender, 

and the baseline A1C value. The study found three link measures have significant 

positive relationship with the voting outcome: 1) Drug Table - the likelihood to vote 

increased 84% by with an increase in the click count of the drug comparison table by 1; 

2) AHRQ literature link - with each additional click on the AHRQ literature link, the 

likelihood for patient to vote increased 30%; and 3) Activity Link - with each additional 

click on the Activity related reading links, the likelihood to vote increased 38%. 

We also observed that the patient’s hemoglobin A1C value had a significant 

negative relationship with the voting outcome. Patients with higher A1C value were less 

likely to vote. The likelihood to vote decreased 18% with each unit increase in the A1C 
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value. The study calculated the overall predicting power of this regression model by 

measuring the area under the ROC curve (AUC). The AUC value for the link-based 

model is 0.69.  

Table 8 Logistic Regression Result with Link-based Measures 

Input Variable Odds Ratio 
(OR) 

95% Confidence 
Interval (CI) 

P value 

Sound Play 1.104 (0.921, 1.325) 0.284 
Drug Table 1.844 (1.141, 3.016) 0.013** 
AHRQ Link 1.304 (1.092, 1.570) 0.004** 
Activity Link 1.380 (1.047, 1.858) 0.026** 
Age (years) 1.016 (0.994, 1.038) 0.140 
Race=White 0.561 (0.312, 1.024) 0.056 
Race=Others 0.519 (0.123, 1.783) 0.328 
Gender=Male 1.356 (0.850, 2.173) 0.203 
A1C 0.824 (0.687, 0.977) 0.031** 

** Statistically Significant is claimed when P-value is <0.05 
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CHAPTER	
  V 

 

DISCUSSION	
  

	
  

This thesis proposes a new approach for measuring users’ interest in web-based 

health literature by observing interactions with a web page through measures of implicit 

feedback. This section summarizes the key findings from an evaluation of this approach, 

the informatics contributions, the limitations of the work, and future directions, as well as 

the potential to expand the research from patient portal to public web sites. 

 

Key	
  Findings	
  

Evaluating the relationship between a user’s interests in web-based health 

literature and the amount of time the patient stays on the web page is the main focus of 

this research project. In a study of patients’ use of a Diabetes Education web page within 

a patient portal, we observed that the amount of time a patient stayed on the page was 

significantly different between patients who vote and do not vote on the usefulness of the 

page.  The patients who voted on average spent twice the amount of time on the page 

compared to the group that did not vote. The Page Staying time had a significant positive 

relationship with the patient’s voting behavior.  Positive voting behavior is known to be 

associated with user interest, and thus, the implicit feedback of Page Staying Time can be 

used as a measure of user interest. [64,65] 
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The study also found that link-based measures were significantly different 

between the voting and the not voting groups. Patients are more likely to vote when they 

had a higher number of activities with the sound play button, the AHRQ literature, and 

the activity reading links.  

	
  

Informatics	
  Contribution	
  

The work presented in this thesis makes several useful informatics contributions 

in the area of measuring patients’ interest in web-based health information.  

The study of implicit feedback and the study of patients’ interests are not new, but 

the concept of applying implicit feedback in evaluating patients’ interests has not been 

explored by previous research. This study appears to be one of the first efforts in applying 

implicit feedback in evaluating patients’ interests in web-based literature.  

The second contribution is the development of a tracking tool that automatically 

collects, processes, and persists implicit feedback events without interrupting the users’ 

interactions with the web page. In this study, the tracking tool measured two specific 

types of implicit feedback: Page Staying Time and Link Count. Although these two types 

of feedback are the first to be examined by this study, the tracking tool is designed with 

ability to handle a wide range of feedback events. The application of this tracking tool 

can also be extended to any web pages that support HTML and JavaScript.  

The third contribution of this work is the development of a partial-time 

accumulation algorithm to handle the time calculation on abandoned web pages. 

Compared to existing algorithms as adapted by Google Analytics, this partial-time 

algorithm tracks every user-page event and accounts for these events in the time 
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calculation.  As a result, this new algorithm is able to provide time calculation on 

abandoned pages. This algorithm can also be expanded to work with generic web pages.  

	
  

Limitations	
  

This work has several limitations. First, the study limited the types of implicit 

feedback captured in the user’s browser. In an ideal world, the users’ interactions with 

web pages would be captured at the client side through a customized web browser or 

browser plugin. A customized web browser or browser plugin can provide the most 

comprehensive and accurate user activity data. For instance, a user’s movement of the 

mouse, use of scroll bars, keyboard activity, and whether a mouse movement is inside or 

outside of a browser window would all be tracked. In reality, enforcing users to adopt a 

specialized browser or download a browser plugin is not practical and negatively affects 

the user’s natural browsing behavior. This study limited the types of implicit feedback to 

Page Staying Time and content specific link measures, which can be measured in most 

browsers. 

Second, there are several uncontrolled factors that could potentially affect results 

of this study. Regression models were built with controlled variables including age, race, 

gender and the baseline A1C value. However this study did not include the patient-

specific factors such as Internet speed, computer skills, and literacy level. These factors 

could have affected study outcome. 

Third, a user’s interest is inherently a continuous variable. To simplify the 

analysis, this study flattens the interest measure into a Boolean outcome. This remains 

one limitation of this study.  
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Finally, a large portion of the patient population did not vote in the study. The 

reference standard for patient interest was based on user voting behaviors. Thus, the 

results could potentially be affected by a non-response bias. Further, we used voting as a 

global measure of interest in the page, regardless of the outcome of that vote about an 

individual component on the page. The utility of the implicit feedback to assess interest 

in individual parts of the page requires further investigation. To assess the potential non-

response bias, we plan to do a follow-up study for users who did not vote. An electronic 

survey questionnaire will be sent to all of the study participants who did not vote. The 

survey would inquire about the patients’ perception of the usefulness of the individual 

diabetes literature resources hosted at MHaV. We could then associate the survey results 

with their corresponding implicit feedback. These data would help the research team to 

have a better understanding of the nonresponse bias as well as user interest across the 

complete study population.  

 

Future	
  Directions	
  

This research project evaluated Page Staying Time and Link Count.  Another 

implicit measure that would be interesting to study in the future is the Link Ratio. This 

value measures the total number of user-clicked links normalized by the total number of 

links on a web page. A higher link ratio indicates that more links on a web page had been 

selected during a user visit. A high amount of user-web activity could potentially infer 

user interest.  

Confined by time and scope, this research project leveraged an existing Diabetes 

Education page that was deployed in a patient portal and aimed towards patients with 
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Type II diabetes. The research project selected the Page Staying Time as the main 

implicit feedback metric because time is a generic measure that can be expanded and 

measured on most web pages.  The tracking tool and partial time algorithm in this study 

are also developed to work with any web sites that support HTML and JavaScript. In the 

future, these metrics could be evaluated in a broad range of health consumers and general 

Internet users for a wide variety of health information resources.  
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CHAPTER	
  VI 

 

CONCLUSION	
  

	
  

 This thesis reports a study that evaluated the feasibility of measuring patients’ 

interest in web-based health literature by tracking implicit feedback. The concept of 

implicit feedback is not new. Research in the Information Retrieval and Search Engine 

Optimization domains has found that the use of implicit feedback is an effective approach 

in evaluating users’ opinions and preferences. [74] The study of patients’ interest is not a 

new field either. User surveys and cognitive studies have been employed to measure 

patients’ interest. This research innovates by measuring implicit feedback in an 

unexplored domain: evaluating patients’ interest in web-based health literature. We 

hypothesized that a patient’s interaction with a web page, reflected in terms of implicit 

feedback, was correlated with the patient’s interest in the contents of the web page. 

The study selected two types of implicit measures. The first measure was the total 

amount of time a patient stays on the web page. The second measure was the number of 

times a patient accesses a particular link on the web page.  The patient’s interest was 

measured as a binary variable: interested and not interested, as determined by whether a 

patient voted on a user survey, regardless of the nature of the vote. 

 Mann-Whitney-Wilcoxon nonparametric tests were done on both types of 

implicit measures. The results showed that both the time-based and the link-based 

measures differed significantly between the interested and not interested groups.  Patients 
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who were interested in the study page spent twice the amount of time compared to the 

patients who were not interested. Also, patients who were interested in the study page had 

a higher number of link counts compared to the patients who were not interested. 

 To further understand the relationship between the implicit measure and patients’ 

interest, the study constructed two logistic regression models, one with each type of 

implicit measure as a predictor. Page Staying Time had a significant positive relationship 

with patients’ interest. When a patient spends one extra minute on the study page, the 

likelihood for the patient to show interest increased 5.2%. 

The three link-based measures had a significant positive relationship with patients’ 

interest. The drug comparison table link is a strong predictor of patients’ interest. The 

likelihood for a patient to show interest increased 84% when the click count of the drug 

comparison table increased by 1.  The likelihood for a patient to show interest increased 

30% when the click count of the AHRQ literature link increases by 1. The likelihood for 

a patient to show interest increased 38% when the click count of the physical activity 

reading link increases by 1.  

The study discovered that patients’ age, gender, and rate did not appear to have a 

significant relationship with patients’ interest. However, patients’ baseline hemoglobin 

A1C value has a significant negative relationship with interest, as measured by voting. 

Patients with a higher A1C value showed less interest in the study page. 

In conclusion, the study found that patients’ interest in the study page is 

associated with the amount of time patients spend on the page and the number of link-

counts performed on the study page.  
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To summarize, the primary advantage of the implicit feedback approach is that it 

removes the cost to the patient of providing explicit feedback. The challenge and tradeoff 

lies in its accuracy compared to the explicit measures as in the case of user surveys and 

cognitive studies.  Because large quantities of implicit data can be gathered at no extra 

cost, our study considers implicit feedback to be a promising alternative in evaluating 

patients’ interest in web-based health literature. 
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Figure 17 Calculation of Implicit Measure in Flow Chart 
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